Abstract
Introduction
environmental data are preferred over coarser spatial scales as they are more representative of 1 natural landscapes. However, it has also been reported that the highest scale DEMs do not 2 always produce highest accuracy in predicting soil properties and that knowledge of the 3 appropriate DEM scale for a particular landscape is important (Smith et al., 2006; Roecker and 4 Thompson, 2010) . Calculated values of topographic indices of a study area differed depending 5 on the spatial scale of the DEM used (Wilson and Gallant, 2000; Thompson et al., 2001; Kienzle, 6 2004). In a recent study, Vasques et al. (2012) showed that the quality (R 2 ) of predicted carbon features of earth systems that affect energy, water, and greenhouse gas fluxes. For example, 1 next generation ESMs such as those being developed by the U.S. Department of Energy 2 (Accelerated Climate Modeling for Energy; ACME) will have a spatial scale for the land 3 model of ~10 km (Bader et al., 2014) . In this study, we successively increased the spatial 4 scale (from s = 50 m to 10 km) of environmental variables and used observations and 5 geospatial approaches to predict SOC stocks. Throughout this paper, we refer to the 'scale' 6 (s) as either the distance across which properties are assumed to be homogeneous or the 7 square root of the pixel area satisfying that criteria, and note that the terms 'scale' and 8 'resolution' are often interchangeable in this context. The idea was to model the change in 9 predicted heterogeneity of SOC stocks resulting from changing scale of the environmental 10 data. In this study, by the term "scaling" we mean the transfer of information about 11 environmental controls and statistical properties of SOC stocks from one scale to another.
12
We also investigated how environmental controls on SOC stocks and the spatial structure of 13 SOC stocks (the correlation length (range), total variance (sill), and unstructured variability 14 (nugget)) changed as a result of change in spatial scale of environmental variables. environmental predictors were then used in a geographically weighted regression approach
13
( Mishra et al., 2012; 2014) to predict the whole profile SOC stocks across Alaska at different 14 spatial scales using:
where is the SOC stock at a certain location, , are the geographical coordinates, are the
We calculated several statistical parameters, including mean (μ), variance (σ 2 ), skewness 1 (S), and kurtosis (K) from the predicted SOC stocks at each specific spatial scale. The predicted 2 variances were plotted against spatial scale and a best-fit mathematical function was determined.
3
Relationships between the μ and other statistical parameters were investigated by plotting the μ 4 SOC stocks calculated at each spatial scale across Alaska versus its other statistical parameters 5 calculated at the same scale.
6
To study the change in spatial structure of SOC stocks due to spatial scaling, we 7 calculated the SOC stock variograms (Webster and Oliver, 2007) at different spatial scales:
where Z(X i ) and Z(X i +h) are the measured SOC stocks at X i and X i + h, respectively; h is the lag; 9 n is the number of paired comparisons at that lag; and γ(h) is the semivariance. By varying h in 10 discrete steps, we obtain an ordered set of semivariances (Webster and Oliver, 1992 scales, whereas the number of predictors increased at larger spatial scales.
21
Our results showed that the strength of the control (median geographically weighted 22 regression coefficient across Alaska) of elevation on SOC stocks decreased by 31% as the spatial 23 scale increased from 50 m to 1 km. Beyond this scale, we found no change in the control of 1 elevation on predicted SOC stocks (Fig. 3a) . The control of temperature on SOC stocks 2 decreased with spatial scale between 50 m and 500 m and became constant at larger scales (Fig.   3   3b ). The controls of elevation and temperature on SOC stocks across spatial scales can be 4 accurately modeled by using exponential functions with R 2 =0.83 and 0.94, respectively. The 5 control of potential evapotranspiration decreased by 36% as the spatial scale increased from 6 50 m to 500 m, and became constant beyond 500 m (Fig. 3c) . The control of potential 7 evapotranspiration on SOC stocks across spatial scales can be modeled by using an exponential 8 decay function (R 2 =0.97). The control of scrub vegetation (shrubs less than 5 meters tall) on remained constant beyond 500 m scale (Fig. 4a) . The relationship between these variogram 1 parameters and scale can be accurately described using exponential functions with R 2 of 0.98.
2
The correlation length of SOC stocks remained relatively constant up to about 1100 -1400 km 3 across spatial scales (Fig. 4b) . The nugget-to-sill ratio of predicted SOC stocks at 50 m and 100 4 m spatial scales showed moderate spatial dependency (i.e. a nugget-to-sill ratio >25%;
5 Cambardella et al., 1994). However, strong, and relatively similar, spatial dependency (a nugget-6 to-sill ratio ≤ 25%) was predicted for spatial scales between s = 200 m and s = 10 km (18-21%;
7 Table 2 ). These results suggest that the predicted SOC stocks show different spatial structure We evaluated the relationships of mean SOC stocks (μ) generated at each spatial scale and therefore the μ of SOC stocks can be used to predict SOC spatial heterogeneity. and reported land use and clay content to be important drivers of SOC stock spatial variability.
3
Our results at 50 m and 10 km scales are partially consistent with these findings, showing 4 significant controls of temperature, land cover types, and topographic attributes on SOC stocks.
5
Our results showed that the strength of controls of environmental factors that were significant 6 decreased as spatial scale increased. The largest decrease was found in the control of scrub land 7 cover type, and the smallest decrease was found in the control of temperature. The rates of these 8 changes can be modeled using simple mathematical functions.
9
The scaling properties of soil moisture have been widely studied (Western and Boschl, 10 1999; Isham et al., 2005; Famiglietti et al., 2008; Li and Rodell, 2013 hierarchy. One potential application of the relationships we developed in this study could be to 13 apply them with coarse-resolution ESM results in order to generate fine-scale spatial 14 heterogeneity parameters of SOC stocks that are more representative of the natural landscape.
15
Currently the land models of most ESMs have a spatial scale of ≥ 50 km. In the next 5-10 years,
16
we believe ESM land models will function much closer to the resolution we identify in our study 17 as being representative of the SOC landscape heterogeneity (~10 km; Bader et al., 2014) . As the 18 model resolution becomes finer in next generation ESMs, datasets such as the one we describe in 19 this study will be critical for model benchmarking. Therefore our results will be directly relevant 20 to next generation ESMs which will operate at high resolution (~10 km) (Bader et al., 2014) . We 21 note that many environmental factors that we found significant at various scales are not represented in current land models. However, representing these factors in future land model 1 developments can improve our understanding of SOC dynamics of arctic/boreal systems. work studiesis required to investigate these factors in other systems and at larger spatial extents.
10
Soil texture has also been reported to be related to SOC stocks. To investigate the use of 11 soil texture in our scaling study, we collected the soil texture data currently used in CLM 4.5
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( Bonan et al., 2002) Figure Legends 
